Abstract: Building change detection is useful for land management, disaster assessment, illegal building identification, urban growth monitoring, and geographic information database updating. This study proposes an automatic method that applies object-based analysis to multi-temporal point cloud data to detect building changes. The aim of this building change detection method is to identify areas that have changed and to obtain from-to information. In this method, the data are first preprocessed to generate two sets of digital surface models (DSMs), digital elevation models, and normalized DSMs from registered old and new point cloud data. Thereafter, on the basis of differential DSM, candidates for changed building objects are identified from the points in the smooth areas by using a connected component analysis technique. The random sample consensus fitting algorithm is then used to distinguish the true changed buildings from trees. The changed building objects are classified as "newly built", "taller", "demolished" or "lower" by using rule-based analysis. Finally, a test data set consisting of many buildings of different types in an 8.5 km 2 area is selected for the experiment. In the test data set, the method correctly detects 97.8% of buildings larger than 50 m 2 . The accuracy of the method is 91.2%. Furthermore, to decrease the workload of subsequent manual checking of the result, the confidence index for each changed object is computed on the basis of object features. 
Introduction
Building change detection can be used for an extensive range of applications, such as land management, disaster assessment, illegal building identification (i.e., a building that is built in violation of laws or administrative regulations), urban growth monitoring, and geographic information database updating. In developing countries, such as China and India, where many new buildings are constructed every year, methods that can rapidly and automatically detect changes in buildings are urgently needed.
Traditional building change detection usually requires a field survey or a visual inspection of multi-temporal orthophotos to identify changes in buildings. These methods are time-consuming and exhausting. In recent years, many methods have been proposed for the automatic detection of building change by using remote sensing data. These methods can be divided into four categories according to their data sources: (1) synthetic aperture radar (SAR) data, (2) high-resolution optical images, (3) height data, and (4) multiple sources of data. SAR imagery as a data source is relatively insensitive to atmospheric conditions and independent from sun illumination [1] . For example, Bovolo et al. [2] proposed a building change detection method that used two very-high-resolution SAR images to identify destroyed buildings before and after an earthquake. However, SAR imagery is also significantly affected by noise and is difficult for nonprofessionals to interpret. Previous studies [3] [4] [5] [6] [7] [8] have also detected building changes by using multi-temporal very-high-resolution satellite data. The spectral information in these images is useful for separating buildings from vegetation. However, methods based on high-resolution optical images with only 2D information can suffer from spectral variation because of the degradation of building materials and the shape deformation caused by different viewpoints and building heights, shadows, and occlusions. These factors make the image-based change detection of buildings difficult. A variety of methods have used height data. Murakami et al. [9] detected changes in buildings by using a simple digital surface model (DSM) comparison of multi-temporal airborne light detection and ranging (LiDAR) data sets in urban areas. Vu et al. [10] proposed an automatic building change detection method based on LiDAR data in dense urban areas. Jung [11] provided a two-step algorithm to detect building changes by using multi-temporal aerial stereo pairs. Teo and Shih [12] used multi-temporal interpolated LiDAR data for building change detection and change-type determination in urban areas via geometric analysis. They achieved 80% accuracy. Three-dimensional surface data, which can be obtained by stereo image matching or directly from LiDAR data, provide information on building height, which is an important feature that can be effectively used as an indicator of building changes. Other researchers have combined multiple sources of data. For example, Rottensteiner [13] , Hermosilla et al. [14] , Grigillo et al. [15] , Malpica et al. [16] , and Tian et al. [17] developed automatic approaches that combined image and surface data for building change detection. Knudsen and Olsen [18] , Bouziani et al. [19] , and Liu et al. [20] used existing vector and spectral data as inputs for building change detection. For map database updating, Matikainen et al. [21] first combined airborne LiDAR and digital aerial images to conduct building change detection with the old map. In this method, 96% of buildings larger than 60 m 2 were correctly detected in the building detection step. The completeness and correctness of change detection achieved approximately 85% in a 5 km 2 suburban study area. Building change detection from multiple sources of data can take advantage of a variety of information. However, data registration and feature selection from different data sources should be properly handled. In many scenarios, the cost of collecting multiple data is high.
We still need to solve problems in building change detection by using height data, mainly LiDAR point clouds. First, although height difference is a major indicator of building change, other changes in height caused by vegetation (mainly trees), terrain, and noises should also be identified because these objects can significantly affect the precision of change detection. Second, the algorithm must be able to deal with an extensive range of building types in roof structure, size, and density. By contrast, existing algorithms do not consider the automatic quality assessment or self-diagnosis of the detection result; we believe that this procedure is important in improving the algorithm itself and reducing the workload of user inspection in practice. This study presents an automatic method that uses airborne LiDAR data to identify building changes in various types of buildings and to obtain from-to changes. The method attempts to solve the aforementioned issues in five steps, namely, data preprocessing, extraction of candidates for changed building objects, detection of changed building objects, determination of change type, and automatic quality assessment of the result. We focus on using object-based features to precisely extract the objects of the changed buildings. The surface smoothness of the object is used as the main feature for distinguishing buildings and trees. An object-based computation of the confidence index of each changed object is used to evaluate the quality of change detection automatically; this approach can help users check results quickly. This paper is organized as follows: Section 2 describes the proposed method, Section 3 presents the experimental results and discussion, and Section 4 concludes.
Object-Based Analysis for Building Change Detection
The workflow of the proposed algorithm for building change detection is shown in Figure 1 . 
Data Preprocessing
Data preprocessing includes the removal of outliers, filtering of point cloud data, and rasterization of DSMs, digital elevation models (DEMs), and normalized DSMs (nDSMs). The details are presented as follows:
1. Removal of outliers. A DEM surface interpolated by a point cloud with outliers (extremely low or high points) will be distorted and deformed. Therefore, removing outliers from old and new point clouds is necessary. In this study, the elevation histogram method [22] is first used to exclude evident outliers. The Delaunay triangulation [23] [24] [25] is then applied to determine the less evident outliers.
2. Point cloud data filtering. Point cloud data filtering distinguishes ground points from non-ground points and has recently become a relatively mature technology. We used the commercial software TerraSolid to filter the data with the following basic principles [26] [27] [28] . First, a sparse triangulated irregular network (TIN) is first created from seed points. Thereafter, on the basis of the parameters derived from the data, the TIN is progressively densified in an iterative process. The iteration stops when no more points meet the thresholds.
3. Rasterization of DSMs and DEMs from the old and new point cloud data. The TIN algorithm [26] is used to interpolate gridded DSMs and DEMs. By taking the generation of a new DSM as an example, the points are first arranged into a grid (the grid cell size used in this study is set to 1.0 m). Thereafter, the lowest point of each grid cell is selected to build the triangulation. Finally, the height of the gridded points of the DSM is interpolated on the basis of the three points of the located triangle. The same technique is used to acquire an old gridded DSM. A similar method is used for the rasterization of new and old DEMs, but only the ground points are used during triangulation.
4. Generation of nDSMold and nDSMnew. nDSM is obtained by subtracting the appropriate DEM from the DSM: nDSMold = DSMold -DEMold, nDSMnew = DSMnew -DEMnew
Extraction of Candidates for Changed Building Objects
In this section, candidates for changed building objects are extracted by using the differential DSM (dDSM).
First, a dDSM is obtained by subtracting DSMold from DSMnew. The absolute height of any dDSM less than a certain elevation threshold (2.5 m) is set to 0 cm to prevent interference from trees close to the building. The presence of these points will sometimes connect the building patch to the ground, thus possibly influencing the subsequent extraction of building objects.
As building roofs usually have smooth facets, the next step is to identify the points in the smooth areas in the dDSM by using a smoothness computation. A point is classified as a smooth area point if it fulfills one of the criteria on smoothness in the row and column directions. The smoothness computation is shown in Figure 2 , where Pi,j, Pi,j+1, …, Pi,j+5 are the points in the ith row or column. The white and black points represent the points of smooth and rough areas, respectively. A point (e.g., Pi,j+1) is classified as a smooth area point if angle α is less than a certain degree (in this study, 10°). Otherwise, the point is classified as a rough area point. A connected component analysis technique is used to obtain separate objects composed of the smooth area points in the raster image. If an object is larger than a certain threshold, the object is defined as a candidate for a changed building. In this study, the threshold of the object area is set to 25 m 2 .
Detection of Changed Building Objects
The presence of a changed building object is confirmed primarily on the basis of its planarity attribute. The roof of a building is often composed of several regular planes, whereas treetops and other non-ground objects in an original point cloud are usually irregularly distributed. Consequently, object height and planarity ratio are calculated to further distinguish true building objects from suspected building objects. The steps are as follows:
Step 1-The average height of each object is calculated by using nDSM.
Step 2-For objects with elevations greater than the threshold of the building height (in the experimental section, the threshold is set to 3.0 m), the random sample consensus (RANSAC) algorithm [29] is applied to the original point cloud data to fit the two largest planes. The model is written as Formula (1):
where A, B, and C are the parameters of the fitting plane, and x, y, and z are the coordinates of the point. The planarity ratio r is calculated as follows:
where N1 is the number of points of the largest plane fit by RANSAC, N2 is the number of points of the second largest plane fit by RANSAC, and Nobj is the number of points of the object.
Step 3-By using a threshold of the planarity ratio t, true building objects are identified if r > t, t = 0.6.
Step 4-Repeat Steps 1 to 3 with the other periods of point cloud data.
Determination of Change Type
In this study, the change types are "newly built", "taller", "demolished", and "lower". The rules for determining the change type of buildings are as follows:
Rule1-Newly built: an object in the new point cloud is considered a building, whereas an object in the old point cloud is not.
Rule2-Taller: an object is determined to be a building in the old and new point clouds, and the height of the object in the new point cloud is greater than that in the old point cloud.
Rule3-Demolished: an object in the old point cloud is considered a building, whereas an object in the new point cloud is not.
Rule4-Lower: an object is determined to be a building in the old and new point clouds, and the height of the object in the new point cloud is smaller than that in the old point cloud.
Automatic Quality Assessment of Building Change Detection
The automatic diagnosis of the result is useful for improving the performance of a feature extraction algorithm. By contrast, in the change detection practice, users have to check all detected changes carefully because of the existence of wrong detections. Wrong detections lead to time-consuming post-processing. An object-based self-diagnostic method for quality assessment is presented to improve the efficiency of inspection and the manual editing of the results. The confidence index of each changed object is computed by using the object features. The confidence index of an object is a good indicator for inspection. On the basis of the analysis of typical errors, the feature difference between the changed building objects is computed to obtain the confidence index. These features are continuity Cc, planarity Cp, and overlap Co, which are computed as follows:
Continuity Cc: For the object that is considered a building, the largest plane is first obtained by RANSAC fitting. The region is then expanded by adding other points of the object (the distance threshold is 1.0 m). The ratio of continuity R(C) is calculated as follows:
, if obj is considered a building
where A is the area of the largest plane after expanding the region, and Aobj is the area of the object. The ratios of objects in the old and new data, R(Cold) and R(Cnew), are calculated and combined to obtain the continuity of each detected object: Cc = R(Cold)·R(Cnew). Planarity Cp: The planarity ratio R(P) is used to measure planarity. The planarity ratio R(P) is calculated as follows:
For the object that is considered a building, the planarity ratio R(P) is the same as Formula (2). However, for the object that is not a building and is excluded by the proposed method, the planarity ratio R(P) is equal to 1.0. This value is set to prevent the effect of the existence of objects that are not buildings in one period of the point cloud data. For each detected object, R(Pold) and R(Pnew) are calculated separately and combined to obtain the planarity of each detected object: Cp = R(Pold)·R(Pnew).
Overlap Co: If the distance between a new point and an old point is smaller than 0.2 m, these points are considered the overlap points. The ratio of the overlap is R(O) = Noverlap/Nobj, where Noverlap is the number of overlap points in the new or old point cloud and Nobj is the number of points of the object in the new or old point cloud. After calculating the new overlap ratio R(Onew) and the old overlap ratio R(Oold), the overlap property of the object is calculated as follows: Co = MAX (R(Oold)·R(Onew)).
Finally, the confidence index of each changed object C is obtained by combining the three types of features: C = Cc·Cp·(1 − Co).
Experimental Results and Discussion

Data Set
The test site is within Guangzhou, Guangdong Province, China. Guangzhou is a modern and developing city in South China and is characterized by dense buildings with various and complex shapes in urban areas and sparse buildings and dense forests in suburbs. The area of the test data set is 9 km The two data sets have been registered by iterative closest point method [30] . The corresponding aerial images acquired at the same time are not used in this study. The orthophotos with a resolution of 0.2 m are only used for visual inspection. In Figure 3d , the black area at the bottom right of the new point cloud is beyond the scan range. The other black areas are caused by the weak reflectivity of water. As observed from the orthophotos and point cloud data shown in Figure 3 , the bottom part of the experimental area is a relatively flat terrain covered in dense housing with diverse structures, whereas the top part of the experimental area is a hilly terrain with sparse housing and dense forests, including a steep hill on the top left. Five details of Figure 3b , which represent the five different types of buildings in the experimental area, are shown in Figure 4. 
Parameters
In the data set used in this analysis, 3000 m × 3000 m point cloud data are extremely large to process at one time. The proposed solution is to divide the data into nine nonoverlapping tiles with each tile having the size of 1000 m × 1000 m. Each tile is processed by using the same parameter set (Table 1 ). 
Performance
In the building change detection process, given that the area of the most important buildings is greater than 50 m 2 , we only report the per-object completeness and correctness (Cm50/Cr50) of objects larger than 50 m 2 . For the object-based metrics, as long as the object detected by the proposed method is consistent with the true change type and has some overlap with the ground truth, the object is considered to have been detected correctly. Otherwise, the object is considered to have been detected incorrectly. The per-object confusion matrix is also reported.
The ground truth, which comprises the change and change type of buildings, is obtained by the careful visual inspection of multi-temporal orthophotos and point cloud data sets. The areas of the changed buildings are manually digitized by using TerraSolid software. The details are shown on the top right part of Figure 5 The results of the proposed method are satisfactory ( Figures 5 and 6 ), thus indicating that (1) the method is effective for dense urban areas and suburban areas, where building roofs are composed of one or two prominent and smooth planes; (2) this method is relatively insensitive to vegetation and is independent of terrain types in our test site; (3) a few changes are omitted with the given conditions. These advantages are due to the combined use of the smoothness computation and RANSAC fitting algorithm. The proposed smoothness computation method considers the smoothness of the neighborhood and the trend of the surface, thus excluding most of the vegetation areas and further reducing the processing time of the RANSAC fitting algorithm, which is then used to rigorously fit the planes.
The corresponding per-object confusion matrix with change types is shown in Table 2 . The seven undetected changes are mainly due to the following reasons: (1) the roof of the building is covered by water or an object that does not return laser points; (2) part of the building is occluded by trees, thus leading to the smooth area of the building being smaller than the defined threshold; (3) the area is rough during one data collection period. Thus, during the extraction of candidates for changed building objects by using dDSM, this area is extremely rough to form a smooth object.
The automatic quality assessment of the test site has been conducted to obtain the confidence index of each changed object to further decrease the workload of manually checking the results. The confidence index with numbers of right and wrong detections is shown in Figure 10 . As shown in Figure 10 , when the confidence index is greater than 80%, no wrong detections are obtained. The number of right detections increases with increasing confidence index. The number of wrong detections mainly concentrates on the middle probability (0.4 to 0.7) and decreases on both sides. User inspection in practice only needs to check objects with a low confidence index. By taking the test site as an example, only objects with confidence lower than 0.8 (140 of 342) need to be checked rather than all changed objects.
Discussion
Considering that only one area with a dataset is available for our experiment, two additional typical example scenarios, which are represented by two virtual models, are used for the analysis to further validate the effectiveness of our method. The illustrations of the two virtual models are shown as follows:
Case 1: Constructions built in urban areas that are not flat. Cross-section of dDSM obtained by using the proposed method, where the black dash line is the zero height difference. The green solid line represents the threshold of height difference (Thd), below which the dDSM value is set to zero. Thereafter, Obj1, Obj2, and Obj3 are obtained using the smoothness computation and connected component analysis technique.
After obtaining the objects (e.g., Obj1, Obj2, and Obj3), their areas can be easily obtained. If the areas of the objects (e.g., Obj1, Obj2, and Obj3) are larger than the defined threshold (25 m 2 in this study), the height of the nDSM and the planarity ratio of the objects in the original point cloud data(e.g., Obj1, Obj2, and Obj3)will be calculated to evaluate whether the objects are buildings. Otherwise, the object will be discarded and considered unchanged. From Figures 11 and 12 , we observe that Obj1 and Obj2 are part of the newly built building. If the areas of Obj1 and Obj2 are larger than the defined threshold, two newly built buildings will be easily detected by using the proposed method. The changed object was considered two newly built buildings. However, the aim of this research is to locate the changed buildings and identify their change type. The accurate boundary of changed buildings should be further investigated. Obj3 represents the changed terrain. The height of Obj3 in the old and new nDSMs is zero. Thus, Obj3 can be easily excluded from the changed building.
Case 2: Constructions built on a hillside with a large inclination. Cross-section of the dDSM obtained by using the proposed method, where the black dash line is the zero height difference. The two green solid lines represent the threshold of height difference. The height difference between the two green lines is set to zero (the absolute value of dDSM smaller than Thd is set to zero). Thereafter, Obj1, Obj2, and Obj3 are obtained by using the smoothness computation and connected component analysis technique.
If the area of Obj2 is larger than the defined threshold (25 m   2 in this study), we can easily detect a newly built building by using the proposed method. Obj1 and Obj3 are the changed terrains. The height of Obj1 and Obj3 in the old and new nDSMs is zero. Thus, Obj1 and Obj3 can be easily excluded from the changed buildings.
The proposed method for building change detection obtains satisfactory results for most circumstances. Thus, the proposed method can be considered an effective method for building change detection with airborne LiDAR data. Furthermore, the automatic quality assessment of the result of building change detection guides the user to the most difficult case that the method might have difficulty.
The proposed method is useful for practical projects and is also an important first attempt. The results show that, with the confidence index, users only need to check 140 objects of 342 changes.
However, our method still has problems that need to be resolved. First, the smoothness assumption in the dDSM meets most circumstances and shows good performance in our experiment. However, some buildings are small and irregularly shaped and have discontinuous roofs. Thus, we expect that the precision of the proposed change detection method will be worse. Further research on specific feature extraction methods of detecting such roof structures should be conducted. Second, the proposed method cannot determine the accurate boundary of the building because of the irregular distribution of points. We will attempt to combine the image information to extract the accurate boundary. Third, the automatic quality assessment expressed by the confidence index guides the user to the most likely wrong detections. The user only needs to check a part of the objects. However, for a confidence index lower than a certain value (0.8 in this test site), the relationship of the confidence index and wrong detections is unclear. In future research, we will attempt to use more datasets to further identify these relationships by using more effective features for the computation of the confidence index.
Conclusions
This study proposes a novel method of object-based analysis for building change detection from LiDAR point cloud data. The method can be applied to dense urban areas and forested areas, where buildings are composed of one or two prominent and smooth planes. The proposed method is relatively insensitive to vegetation and independent of terrain. A test data set covering approximately 8.5 km 2 with various types of buildings is used to validate the method. The results show that the proposed method can effectively locate the changed buildings and correctly determine their change type. The completeness and correctness of change detection for buildings larger than 50 m 2 are 97.8% and 91.2%, respectively. Furthermore, the confidence index of each changed object is computed to further decrease the manual workload. By using the confidence index, inspection can be guided to the most likely wrongly detected objects. Therefore, the method discussed in this study can effectively detect building changes. Thus, the manual workload is significantly reduced.
The major contributions of the proposed method are as follows: First, smoothness computation and RANSAC fitting are combined to determine the location of the changed objects. The object, which is the foundation of object-based analysis, is obtained by using the smoothness computation and connected component analysis technique. Thereafter, RANSAC fitting is applied to the candidates of the changed buildings to exclude trees from the changed buildings. Second, a self-diagnostic method for automatic quality assessment, which is an important first attempt, is proposed to reduce the post-processing time.
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